This paper examines volatility transmission between corn, wheat and soybeans markets in the US.
Introduction
In recent years agricultural commodity prices have taken a rollercoaster ride. Three sharp price increases were observed in 2007-2008, 2010, and 2012 , respectively, which all caused major unrest on markets and in the media. Although these price increases often had different causes, it can be observed that prices of various agricultural commodities often move together.
Co-movement of commodity prices has received substantial attention in the economic literature. Pindyck and Rotemberg (1990) analyzed co-movement of seven unrelated commodities. They used various macro-economic variables such as interest, inflation, and exchange rates but also supply and demand conditions to explain co-movement. However, they found that after controlling for these factors the prices still moved together, a phenomenon Pindyck and Rotemberg dubbed as excess co-movement and which they attributed to herd behavior on commodity (futures) markets.
If there is indeed excess co-movement in commodity prices this is problematic for several reasons. First, it casts doubt on the efficiency of commodity markets. Second, it makes balancing of portfolios by countries that are exporting agricultural commodities and by commodity traders more difficult. Third, it results in stronger income fluctuations for farmers that grow multiple crops since also for them a portfolio of crops does not work to smooth income fluctuations.
However, this excess co-movement hypothesis (ECH) was challenged by subsequent studies. Deb et al. (1996) claim that most results by Pindyck and Rotemberg are due to misspecification since heteroskedasticity and structural breaks were neglected. To analyze herd behavior in commodity markets, Deb et al. recommend further research using daily prices. Cashin et al. (1999) used concordance analysis to analyze commodity price cycles. They concluded there is no excess co-movement in unrelated commodity prices, although there is strong evidence for co-movement in prices of related commodities such as agricultural products. Ai et al. (2006) also did not find evidence for excess co-movement in analyzing five major agricultural crops in the US. They concluded that fundamental factors such as weather and stock levels are more important in explaining price co-movement than macro-economic factors. Saadi (2010) provides a recent review of commodity price co-movement in international markets. He discusses several explanations for price co-movements, e.g. macro-economic factors such as exchange and interest rates, but also common supply and demand factors affecting prices of agricultural commodities. The latter include co-varying harvest levels (e.g. drought hitting corn, soybean and wheat harvests in US), joint low stocks, and substitution in supply and demand (e.g. wheat replacing corn in animal fodder).
Most of the literature on price co-movement focuses on price levels. Less attention is given to interrelations in (conditional) volatility. Examining market interactions in terms of the conditional second moment can provide better insight into the dynamic price relationships in the markets analyzed (Gallagher and Twomey, 1998) . A period of increased volatility in for example corn prices could also lead to more volatility in soybeans or wheat prices due to substitution in demand or joint underlying causes of volatility. Moreover, the excess co-movement hypothesis is often motivated by phenomena on futures markets such as herding, which also may lead to increased volatility. Therefore, it is interesting to analyze whether volatility spillovers exists between different agricultural commodities, and if volatility in particular crops lead to volatility in other crops.
Another important issue that is often neglected is that different data frequencies may lead to different conclusions on the existence of co-movement in price levels and volatility. E.g. changes in acreages and inventories are slower than changes in crop futures prices due to daily trading. Therefore, using data at different frequencies can provide a richer picture of underlying factors driving co-movement in price levels and volatility across agricultural markets.
The objective of this study is to examine market interrelations in price returns and conditional volatility between US corn, wheat and soybeans on a daily, weekly and monthly basis. We base our analysis in these three crops because of their major role in the US agricultural commodity markets. We follow a multivariate GARCH (hereafter MGARCH) approach. In particular, we estimate both a T-BEKK and a Dynamic Conditional Correlation (DCC) specification to analyze the level of interdependence and volatility dynamics across these major agricultural commodities using different data frequencies.
1 The period of analysis is January 1998 through October 2012, which also permits to examine if there have been structural changes in the dynamics of price levels and volatility in agricultural commodities across time. Crucial in our specification is properly modeling the relationship between price returns. This involves both appropriately accounting for potential long-run relationships between commodities and including, when applicable, various macro-economic and structural variables in the return-level equations.
The remainder of this paper is organized as follows. Section 2 discusses the methodology applied in this paper, followed by a description of the data in Section 3. Section 4 presents our preliminary estimation results. Some concluding remarks are presented in Section 5.
Methodology
We estimate two MGARCH models to analyze the dynamics of volatility and degree of interdependence between corn, wheat and soybeans markets. The T-BEKK model permits to characterize volatility transmission across markets since it is flexible enough to account for ownand cross-volatility spillovers and persistence between markets. The DCC model estimates a dynamic conditional correlation matrix, which allows examining whether the level of interdependence between markets has changed across time.
2
Consider the following vector stochastic process, 
2 For a detailed overview of different MGARCH models see Bauwens et al. (2006) and Silvennoinen and Teräsvirta (2009 
Data
The data used for the analysis are daily, weekly and monthly cash (spot) prices for corn, wheat and soybeans from January 1998 through October 2012. Figure 1 shows the evolution of corn, wheat and soybeans daily real prices during the period of analysis. It follows that prices in all three markets seem to move in a similar fashion, 3 The correlation between these weekly and monthly prices and the prices reported in the FAO International Commodity Prices datatabase is 0.99. We prefer to base our analysis using only one source of information.
particularly corn and wheat prices, with important spikes during 2008, when the food price crisis was felt most, and in the past two years; soybeans prices also exhibited an important spike in 2004 due to supply shortages in both the US and Brazil combined with a strong global demand. corn returns are roughly 1.2 and 1.4 times higher than the returns in wheat and soybeans. For example, on a daily basis the average return in corn is 0.019% versus 0.015% in wheat and 0.013% in soybeans. The returns in soybeans exhibit, in turn, a lower dispersion (1.68) as compared to corn (1.90) and wheat (2.52). In addition, the Jarque-Bera test indicates that the returns in all commodities seem to follow a non-normal distribution. The kurtosis in all markets is greater than three, further pointing to a leptokurtic distribution of returns. Given these results
we use a Student's t density for the estimation of the BEKK and DCC models. 4 Similarly, the Ljung-Box (LB) statistics for up to 5 and 10 lags uniformly reject the null hypothesis of no autocorrelation for the squared returns on a daily and weekly level. This autocorrelation suggests the existence of nonlinear dependencies in the returns, at least on a daily and weekly basis, which motivates the use of MGARCH models to capture the interdependencies in the conditional mean and variance of the returns within and across commodities. Lastly, the Dickey-Fuller and KPSS tests confirm the stationarity of all price return series, which excludes the necessity to account for any potential long-run relationship between the series analyzed.
Results
This section discusses the estimation results of the MGARCH models implemented to examine the level of interdependence and volatility transmission between corn, wheat and soybeans. The T-BEKK model permits us to analyze own-and cross-volatility spillovers and persistence between markets, while the DCC model allows us to evaluate if the degree of interdependence between agricultural commodities has changed across time. and 10 lags show no (or weak) evidence of autocorrelation, ARCH effects and cross-correlation in the standardized squared residuals of the estimated models at the weekly and monthly level.
The results using daily data should, then, be interpreted with caution.
The ii
, in the mean equation capture own-market dependence, i.e.
the dependence of the return in market i on its lagged value, while the ij 1  coefficients capture cross-market dependence, i.e. the dependence of the return in market i on the lagged return in market j. We find no cross-market mean dependence between corn, wheat and soybeans. Further, we only observe own-market dependence on a weekly basis. That is, corn, wheat and soybeans weekly returns are positively influenced by the weekly return in the previous period, and soybeans exhibit a higher own dependence than the other two crops. Hence, the returns in corn, wheat and soybeans markets do not appear to be related at the mean level.
The diagonal ii a coefficients, 3 ,..., 1  i , in the variance-covariance equation capture ownvolatility spillovers, i.e. the effect of lagged innovations on the current conditional return volatility in market i, while the diagonal ii g coefficients capture own-volatility persistence, i.e.
the dependence of volatility in market i on its own past volatility. We observe strong GARCH effects in all commodities and for different time frequencies. This suggests that own innovations (or information shocks) have an important direct effect on the corresponding conditional return volatility in each commodity, and their returns also exhibit significant own-volatility persistence.
These strong own effects persist when considering different time spans; we naturally observe a lower persistence in the conditional variance at the monthly level relative to the daily and weekly level.
Regarding the cross-volatility spillovers, it is important to distinguish between direct and full effects across markets. The off-diagonal ij a and To further analyze cross-volatility interactions between crops, including the direction of causality, we derive impulse-response functions of the conditional return volatilities similar to Hernandez et al. (2013) and Gardebroek and Hernandez (2013) . This exercise encompasses both direct and indirect effects across markets after simulating an initial shock in one of them. In particular, Figure 4 presents the impulse-response functions resulting from an innovation equivalent to a 1% increase in the conditional volatility of the commodity where the innovation first occurs. The responses are normalized by the size of the original shock.
We find important volatility interactions across commodities at the weekly level, particularly after a shock originated in corn or wheat. A shock in the corn market has an initial similar effect on the conditional volatility of returns in both corn and soybeans markets and a slightly higher initial effect (1.2 times larger) on the returns volatility in the wheat market. A shock in the wheat market also affects the conditional volatility of returns in both the corn and soybeans markets, although in a lower extent. Soybeans, in turn, do not exhibit volatility spillovers on corn and wheat markets; the volatility of returns in soybeans further shows a faster adjustment after an own or cross innovation. This probably suggests that volatility shocks are processed faster by soybeans traders. At the monthly level, the initial volatility spillovers from corn to the other markets seem to be stronger while the cross volatility from wheat to the other markets becomes weaker (there are no cross effects from wheat to corn); soybeans also show some cross-volatility spillovers. We do not find volatility interactions across commodities at the daily level, which might be indicative of absence of herding behavior in daily trading; yet, recall that the BEKK model is not necessarily the most appropriate model for our daily data.
Overall, these results indicate that there are important interrelations in conditional volatility across the agricultural commodities analyzed and that corn, and in lower extent wheat, play a major role in terms of spillover effects over the other crop markets. It is interesting that our weekly results differ from the BEKK results of Zhao and Goodwin (2011) who examine volatility spillovers between corn and soybeans and find bi-directional volatility spillovers for the period 2001 through 2010. A possible explanation for the different findings is that they rely their analysis on futures prices while we examine spot prices for a larger sample period and explicitly account for the fat-tailed distribution of returns using a Student's t density in the estimation of the BEKK model. Curiously, our results resemble Zhao and Goodwin's results based on forward-looking measures of volatility (in a VAR model with Fourier seasonal components), which they argue is a more accurate measure of price variability and uncertainty in a market. Table 3 presents the estimation results of the DCC model. This model allows us to examine whether the degree of volatility interdependence between commodities has changed across time.
The number of lags corresponds to the optimal number as determined by the Schwarz criterion.
As in the T-BEKK model, the estimated degrees of freedom parameter support the appropriateness of the estimation with a Student's t distribution and the reported diagnostic tests for the standardized squared residuals (LB, LM and HM statistics) mainly support the adequacy of the model specification for the weekly and monthly data.
The magnitude of the coefficient estimates in the conditional mean equation is very similar to those obtained in the T-BEKK model. We do not observe mean spillovers across commodities and we only find own-market dependence on a weekly basis. Turning to the coefficient estimates of the conditional variance-covariance equation defined in equations (3)-(6), the Wald test rejects the null hypothesis that the adjustment parameters  and  are jointly equal to zero with a 95 percent confidence level. This suggests that the assumption of time-variant conditional correlations between markets in the DCC model is an appropriate assumption. Figure 5 presents the dynamic conditional correlations for each commodity pair resulting from the estimated DCC model. 5 The weekly (and monthly) results are more informative than the daily results. 6 We do not find that agricultural markets have become more interrelated in recent years. The degree of interdependencies observed in recent years is similar to those in the 5 The figure also includes constant conditional correlations and one standard deviation confidence bands based on the CCC model developed by Bollerslev (1990) . 6 The monthly conditional correlations are naturally smoother than the weekly correlations, but both generally show a similar pattern of ups and downs. In contrast, the daily conditional correlations show very high fluctuations, which could be linked to the inadequateness of the model when using daily data.
late 90s, after a decrease in the mid-2000s. Hence, while we find some volatility spillovers across agricultural commodities (based on the T-BEKK results), the level of volatility interdependence has not increased between 1998 and 2012, despite the so called "financialization" of agricultural markets and the higher volume of agricultural futures contracts traded in major exchanges. These results could be indicative that the interdependencies between corn, wheat and soybeans could be mainly driven by market fundamentals, in line with other studies that have studied co-movement of commodity prices (e.g., Deb et al., 1996; Cashin et al., 1999; Ai et al., 2006; Le Pen and Sevi, 2010) . Still, the estimated models can be further improved by including explanatory variables like crude oil prices, macroeconomic variables and proxies for speculation in the estimations, and by appropriately accounting for potential structural breaks in the series.
Concluding remarks
Agricultural commodities are supposed to be interrelated because they are generally close substitutes in demand, have similar input costs, and share common market information. Herd and speculative behavior in financial agricultural markets could further increase the interdependencies between crop prices. In contrast to most previous studies that mainly focus on price-level co-movements across commodities, this study has examined the level of interdependence and volatility transmission between corn, wheat and soybeans in the US using a MGARCH approach. Focusing on the second moment can provide better insights into the dynamic interrelation between markets.
The estimation results indicate that price returns in corn, wheat and soybeans markets do not seem to be related at the mean level. We do find, however, important volatility spillovers across commodities, especially on a weekly basis. In particular, corn, and in lower extent wheat, play a major role in terms of spillover effects; that is, shocks or innovations in corn (wheat) price returns seem to translate to soybean markets but not the converse. In addition, the level of interdependence across markets does not appear to have increased in recent years, despite the apparent higher financial market integration of agricultural commodities.
The analysis above is based on a dynamic model of conditional volatilities. In the BEKK model, for example, the conditional variance in a market is modelled as a function of past variances and innovations in both the same market and other markets. Hence, as in any standard autoregressive process, the state of the process in the previous period (i.e. past variances and innovations) is assumed to account for all relevant information prior to the realization of the variance in the current period, thereby controlling for potential spurious lead-lag relationships in variance (if any) across markets. This naturally reduces but does not preclude the necessity to account for potential explanatory (exogenous) variables in the analysis, particularly in the conditional mean equation.
Next steps involve including explanatory variables like crude oil prices, macroeconomic variables and proxies for speculation in the analysis, which are available on a daily, weekly and monthly basis, as well as formally evaluating changes in the dynamics of volatility transmission between crops across different time periods. The latter will be accomplished after appropriately segmenting the sample based on the presence of structural breaks (in volatility) in the analyzed series. The differing results using different time frequencies and the apparent inadequateness of MGARCH models using daily data also requires further investigation. 
